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Seeking positive experiences can produce illusory correlations
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a b s t r a c t

Individuals tend to select again alternatives about which they have positive impressions
and to avoid alternatives about which they have negative impressions. Here we show
how this sequential sampling feature of the information acquisition process leads to the
emergence of an illusory correlation between estimates of the attributes of multi-attribute
alternatives. The sign of the illusory correlation depends on how the decision maker com-
bines estimates in making her sampling decisions. A positive illusory correlation emerges
when evaluations are compensatory or disjunctive and a negative illusory correlation can
emerge when evaluations are conjunctive. Our theory provides an alternative explanation
for illusory correlations that does not rely on biased information processing nor selective
attention to different pieces of information. It provides a new perspective on several
well-established empirical phenomena such as the ‘Halo’ effect in personality perception,
the relation between proximity and attitudes, and the in-group out-group bias in stereo-
type formation.

! 2011 Elsevier B.V. All rights reserved.

1. Introduction

Much research on illusory correlation has focused on
how an individual’s processing of information might pro-
duce biases in her assessment of the correlation between
features or attributes of objects or alternatives. Previous
explanations have proposed that prior expectations (Chap-
man & Chapman, 1967), the differential distinctiveness of
positive versus negative stimuli (Allan, 1993) and the
greater distinctiveness of infrequent events (Hamilton &
Gifford, 1976) distort the encoding and recall of informa-
tion used to estimate the correlation between features
(for a recent review, see Fiedler, 2000a). Some researchers
have also proposed that illusory correlation might emerge
from skewed distributions of the features in the population
(Fiedler, 1991, 2000b; Fiedler, Freytag, & Meiser, 2009) or

from the consideration of limited samples (Kareev,
1995a, 1995b, 2000; Kareev & Fiedler, 2006).

Most of these prior approaches assume that individuals
have access to information about two or more dimensions
and try to explain why the perceived correlation, based on
this sample, would diverge from the true correlation. In
reality, however, information is not always immediately
available. People may have to sample the information
sequentially and form beliefs accordingly (Anderson,
1981; Hogarth & Einhorn, 1992; Kashima & Kerekes,
1994; March, 1996). For example, people may only be able
to obtain information about the attributes of other individ-
uals by interacting with them. In such contexts, sampling
is often adaptive: prior observations usually affect the
probability of future sampling (Denrell, 2005; March,
1996; Smith & Collins, 2009). For example, an individual
may not want to continue to interact with others unless
she believes that the interaction will be productive or plea-
surable. In this paper, we show that when decision makers
sequentially sample information, the resulting sample bias
might produce an illusory correlation even when informa-
tion is correctly processed.
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To explain why this might happen, consider the follow-
ing example. You are visiting an academic department for a
few months and learning about your new colleagues. Sup-
pose that you pay attention to two attributes of your col-
leagues: their creativity and their agreeableness. You can
only learn about these attributes from personal interac-
tions. We assume the probability that you interact with a
colleague depends on your estimates of her two attributes.
In particular, being mindful of not wasting your time you
decide that you will only continue to interact with people
who seem to be creative or agreeable.

Each encounter with a colleague provides additional
information about her level of creativity and agreeable-
ness. We assume that your estimates of the two attributes
of your colleagues are based on your past interactions.
More precisely, your estimate of the creativity and agree-
ableness of a particular colleague is a weighted average
of all your past experiences with this individual.

Suppose that creativity and agreeableness are indepen-
dently distributed in the department. That is, there is no
correlation between the attributes – an individual who is
creative is not more or less likely to be agreeable than an
individual who is not creative. Here we show that you will
nevertheless perceive the two attributes to be positively
correlated. Specifically, suppose your estimates of the cre-
ativity and agreeableness of your colleagues at the end of
your visit are ĉ1; â1; . . . ; ĉN; âN . Let bC and bA be the vectors
of estimates of creativity and agreeableness. Under the
above assumptions, bC and bA will be positively correlated.

The key to the emergence of this illusory correlation is
that you may stop interacting with a colleague depending
on your assessment of her creativity and agreeableness.
Suppose you believe colleague i to lack creativity (ĉi is
low). If you find this colleague disagreeable (âi is low),
you are unlikely to interact with her again, and thus your
belief about her lack of creativity will tend to persist even
if she is in fact creative. If, on the contrary, you believe i to
be agreeable ðĉi is low but âi is high), you are likely to inter-
act with her again. Doing so, you might discover that she is
in fact creative. Overall, this sequential process of belief
formation and information sampling implies that the dis-
tribution of estimates at the end of the visit will diverge
from the distribution of attributes in the department. Be-
cause combinations of estimates that lead to avoidance
(ĉi low, âi low) will be more stable than combinations of
estimates that lead to further sampling (e.g. ĉi low, âi high),
combinations of estimates that lead to avoidance will be
over-represented.

In this example, the illusory correlation was positive.
But, had we assumed you only wanted to interact with
people whom you believed to be both creative and agree-
able rather than just creative or agreeable, the illusory cor-
relation would have been negative. In this case, only high
estimates regarding both creativity and agreeableness ðĉi

high, âi high) lead to further sampling. Because estimates
that lead to further sampling are less stable than estimates
that lead to avoidance, the combination (ĉi high, âi high)
will be under-represented in the distribution of final esti-
mates relative to the distribution of attributes in the
department. It follows that un-balanced combinations (ĉi

high, âi low or ĉi low, âi high) will be over-represented in

the distribution of estimates at the end of the visit relative
to balanced combinations (ĉi high, âi high or ĉi low, âi low).
Such an asymmetry corresponds to a negative correlation.

More generally, the sign of the illusory correlation de-
pends on how the decision maker combines estimates in
making her sampling decisions. In the rest of the paper,
we develop and analyze a simple learning model to clarify
the underlying mechanism. In the next section, we first de-
scribe our model and show that the sign of the illusory cor-
relation depends on the joint influence of attribute
estimates on the sampling rule. Then we further clarify
the role of the sampling rule. We show that a positive illu-
sory correlation emerges when evaluations are compensa-
tory (an object is evaluated positively if the average of the
two features is positive) or disjunctive (an object is evalu-
ated positively if one of two features is positive) and that a
negative illusory correlation can emerge when the evalua-
tion of an object is conjunctive (an object is evaluated pos-
itively only if both features is positive). We then discuss
how our mechanism differs from prior explanations that
rely on biased information processing and from prior sam-
pling-based explanations. We also discuss the scope of our
model and what happens when some of the assumptions
are relaxed. In particular, we show that our model also ap-
plies to settings when the true correlation between attri-
butes is distinct from zero. In such cases, the form of the
sampling rule leads to a tendency to overestimate or
underestimate the true correlation. Finally, we explain
how our model helps cast a new light on well-known psy-
chological phenomena such as the ‘Halo’ effect in person
perception, the formation of stereotypes and the well-doc-
umented empirical finding that people tend to like proxi-
mate others more than distant others.

2. Model

To illustrate how illusory correlations can emerge as a
result of adaptive sampling, we develop a model in which
an individual learns about the values of two attributes of
an alternative from her experiences with that alternative
(see Fig. 1). Consistent with the idea of adaptive sampling,
we assume the probability of selecting the alternative is a
function of the decision maker’s estimates of the values of
the two attributes, denoted by x̂t and ŷt . Let Qðx̂t ; ŷtÞ denote
this probability of selecting the alternative given the esti-
mates. Our model is based on the following assumptions:

(a) In each period, the decision maker can select the
alternative or not. If the decision maker selects the
alternative, she observes both attributes in that per-
iod. If the decision maker does not select the alterna-
tive, she does not get any information about the
values of the attributes.

(b) The observations of the two attributes are indepen-
dent realizations of two independent random vari-
ables with positive variances. In particular, past
observations of an attribute do not affect how new
information about that attribute is interpreted and
encoded. In addition, observations of attribute 1
(resp. attribute 2) do not affect how information
about attribute 2 (resp. attribute 1) is interpreted.
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(c) The estimate of the value of an attribute at the
beginning of period t is any weighted average of
the past observations of that attribute. Specifically
the revised estimate of the first attribute after an
observation has been made in period t can be writ-
ten x̂tþ1 ¼ ð1% btÞx̂t þ btxt , where xt denotes the
observation of the first attribute in period t. The
weight of new information is bt, with 0 < bt < 1. The
same updating rule applies to the estimate of the
second attribute. The initial estimates are random
draws from the underlying distributions of observa-
tion values. Estimates do not change when no obser-
vation is made. Denrell (2005) has shown this
weighted average model provides a reasonable
approximation to actual belief updating in several
experimental studies. In addition, the model can be
derived from more realistic connectionist models
(e.g. Busemeyer & Myung, 1992).

(d) The probability of sampling the alternative in period
t, Qðx̂t ; ŷtÞ, is twice continuously differentiable 3 and
is an increasing function of both arguments. The idea
is that the decision maker values the attributes
positively.

In summary, the decision maker learns about the values
of the two attributes on the basis of her observations of
these attributes and the decision maker is more likely to
sample an alternative if she has a positive estimates of
its attributes. An important assumption of the model is
that when the decision maker selects the alternative, her
observations of the two attributes are uncorrelated. In other
words, the underlying correlation between the two attri-
butes is equal to zero.

The above model leads to the emergence of an illusory
correlation: the estimates x̂t and ŷt become correlated.
The sign of the illusory correlation depends on how the
attributes interact in driving the sampling probability, as
formulated in the following theorem. (i) states that if there
is a negative interaction between the attributes (i.e., the ef-
fect of an attribute on the sampling probability decreases
when the other attribute becomes more positive), then
the illusory correlation will be positive; (ii) states that if
there is a positive interaction between the attributes, then
the illusory correlation will be negative; and (iii) states
that if the two attributes have independent effects on the
sampling probability, no illusory correlation will emerge.

Theorem 1. Suppose conditions (a)–(d) hold.

(i) If @2

@x̂t@ŷt
log Qðx̂t ; ŷtÞ < 0 for all x̂t ; ŷt 2 R, then x̂t and ŷt

become positively correlated for t large enough.
(ii) If @2

@x̂t@ŷt
log Qðx̂t ; ŷtÞ > 0 for all x̂t ; ŷt 2 R, then x̂t and ŷt

become negatively correlated for t large enough.
(iii) If @2

@x̂t@ŷt
Qðx̂t ; ŷtÞ ¼ 0 for all x̂t ; ŷt 2 R, then the correla-

tion between x̂t and ŷt becomes arbitrarily close to zero
for t large enough.

Proof. This formal result has been proven by Denrell and
Le Mens (2007) in another context.4 It relies on the fact that
it is possible to write an explicit formula for the asymptotic
distribution of estimates of the values of the attributes.
While it is impossible to derive a simple formula to express
the probability distribution of the estimates in any given
period, computer simulations confirm that an illusory corre-
lation emerges after a reasonably low number of periods
(see Section 3). h

Fig. 1. Structure of the reinforcement learning process: If the alternative is selected, the decision maker updates her estimate of the value of an attribute on
the basis of her observation of that attribute. The estimates do not change if the alternative is not selected. The sampling decision depends on both
estimates.

3 This regularity condition is necessary to keep the formalism simple.
Similar results hold even if this condition is not satisfied (see Karlin &
Rinott (1980) for underlying mathematical results).

4 Similar results hold when there are more than two attributes. The
extension is straightforward for the positive illusory correlation case, but
much more complicated for the negative illusory correlation case (see
Karlin & Rinott (1980), for a detailed discussion of the underlying
mathematical formalism).
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To understand the intuition underlying this result note
first that the sampling process implies that each of the
attributes tends to be underestimated. The reason is that
a negative estimate reduces the probability of sampling,
which implies that no further information is available
and the estimate will not be updated (Denrell, 2005; Fazio,
Eiser, & Shook, 2004; March, 1996; Smith & Collins, 2009).

In the above model, however, the probability that an
alternative is sampled depends on both attributes. This
raises the possibility that an alternative continues to be
sampled, even if one of the attributes is perceived to be
low because the other is perceived to be high. In this case,
the estimate of the first attribute will be updated and is
likely to increase (due to regression to the mean). Thus, a
high estimated value of the second attribute has a system-
atic positive effect on the estimate of first attribute.

If the estimate of the first attribute is initially high, the
effect of the second attribute works in the opposite direc-
tion: a high estimate of the value of the second attribute
increases the probability of sampling and, due to regres-
sion to the mean, the first estimate is likely to decrease.
The above theorem shows that the relative magnitudes of
these two effects depends on the precise way in which
the decision maker combines the estimates of the two
attributes in her decision to select the alternative. This, in
turn, determines the sign of the illusory correlation.

3. Positive or negative illusory correlation: the role of
the sampling rule

In this section, we provide a more explicit interpreta-
tion of the conditions that determine the sign of the illu-
sory correlation by analyzing more specific sampling
rules. We assume that the decision maker combines her
estimates of the two attributes in a single estimate of the
overall value of the alternative. This overall subjective va-
lue, or ‘utility’ (as generally referred to in the literature on
multi-attribute decision making, e.g. Keeney & Raiffa,
1993) is then used as the basis for the sampling decision.
More precisely, we will assume that an alternative with a
higher utility is more likely to be selected than an alterna-
tive with a lower utility. The analysis focuses on how the
form of the multi-attribute utility function impacts the
sign of the illusory correlation.

In the example of the introduction we assumed you
wanted to continue to interact with colleagues you per-
ceived to be creative or agreeable. In other words, you
saw these two attributes as substitutes to each others. An-
other possibility is that you only want to interact with peo-
ple that you find both creative and agreeable. We now
specify the probability of sampling, Qðx̂t ; ŷtÞ, to take into
account such considerations about how the decision maker
combines attributes. Specifically:

(e) The decision makers’ two-attribute ‘utility’ function
is defined by ût ¼ Upðx̂t ; ŷtÞ ¼ ½0:5ðx̂tÞp þ 0:5ðŷtÞp'1=p

where p 2 R, 0 < x̂t < a and 0 < ŷt < a, for some
a > 0 (i.e. the estimates of the attributes are assumed
to be positive and bounded random variables). This
utility function, the ‘root power mean’ or the
‘quasi-linear’ mean has been used in previous work

(Dawes, 1964; Einhorn, 1970) to represent both con-
junctive, compensatory, and disjunctive utility func-
tions. It has the following properties (see also Fig. 2):
( For all p 2 R;minðx; yÞ 6 Upðx; yÞ 6 maxðx; yÞ:
( If p > 1, it puts more weight on the maximum of x

and y. Thus, when p > 1 the utility function is
‘compensatory’: the two attributes tend to substi-
tute for each other. Moreover, it can be shown that
limp?+1Up(x,y) = max(x,y). This corresponds to a
situation where the utility function is disjunctive.

( If p = 1, then it is the arithmetic average: U1(x,y) =
0.5x + 0.5y.

( If p < 1, then it puts more weight on the minimum
of x and y. Thus, when p < 1, the utility function is
‘non-compensatory’. Moreover, it can be shown
that limp?%1Up(x,y) = min(x,y). This corresponds
to a situation where the utility function is
conjunctive.

(f) The probability of sampling depends on the ‘utility’
through the logistic choice rule: Qðx̂t ; ŷtÞ ¼
1=ð1þ exp½%sðût % cÞ'Þ, where s is a parameter that
regulates the sensitivity of the choice probability to
the utility, and c is a scaling parameter. The logistic
choice rule has often been used to model choices
under uncertainty (e.g. Luce, 1959).

Given these assumptions, when is there a positive or
negative correlation? The following proposition provides
an answer to this question.

Proposition 2. Suppose conditions (a)–(f) hold. The correla-
tion between x̂t and ŷt is positive for t large enough whenever
p P 1. Moreover, there is a value of p) < 1 such that the
correlation becomes negative for p < p) and for t large enough.

Proof. See the Appendix. h

Thus, whether the illusory correlation is positive or neg-
ative depends on how the two attributes are combined in
the overall valuation of the alternative. If the attributes

are substitutes @2 ût
@x̂t@ŷt

6 0; p > 1
! "

, a positive illusory cor-

relation emerges. When the attributes are strong comple-
ments (p is low enough), a negative illusory correlation
emerges. The assumption of complementarity,

@2 ût
@x̂t@ŷt

> 0
! "

, is by itself not enough to guarantee the emer-

gence of a negative illusory correlation.
The picture is clearer when one consider the extreme

cases of disjunctive and conjunctive sampling rules. When
the rule is disjunctive, (ût ¼maxðx̂t; ŷtÞ), a positive illusory
correlation emerges. When the rule is conjunctive
(ût ¼minðx̂t; ŷtÞ), a negative illusory correlation emerges.
Finally, note that in the special case where the value of
the alternative is the arithmetic average of the attribute
values (p = 1), there is a positive illusory correlation (this
is a special case of compensatory utility function).

The above theoretical results only hold asymptotically,
but simulations show that illusory correlations tend to
emerge relatively quickly. Fig. 3 displays the size of the
illusory correlation after 10 and 50 periods, as a function
of the parameter p. The amplitude of the illusory correla-
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tion can be substantial, even after only 10 periods. As
discussed above, when p is equal to or higher than 1, the
correlation is positive. Also, the higher p (the more com-
pensatory the utility function), the higher the correlation.
Similarly, the correlation is negative for low values of p.

4. Relation to existing research on illusory correlation

As noted in a recent review (Fiedler, 2000a), research on
the misperception of correlations has evolved in separate
areas of psychology such as personality research, stereo-
type formation, associative learning or applied psychology.
For the purpose of this paper, we classify prior explana-
tions of illusory correlations in two categories: the theories
that explain systematic errors in perception of correlations
by invoking a bias in how the mind processes available
information, and sample-based explanations. We discuss,
in turns, how our explanation differs from these two clas-
ses of prior explanations.

4.1. Theories based on biased information processing

As mentioned in the introduction, most prior explana-
tions of illusory correlations rely on a bias in how the infor-
mation about the relation between variables is processed.
In the standard paradigm, experimental participants ob-
serve a set of items each characterized by a pair of attribute
values (X,Y).5 Information available to participants can be
summarized in a 2 * 2 contingency table such as that of
Fig. 4. x1 and x2 are the two possible values for X and y1

and y2 the two possible values for Y. The sign of the correla-
tion between the two variables depends on the products of
the cells in the two diagonals. When ad > bc, the correlation
is positive (x1 is likely to co-occur with y1 and x2 is likely to
co-occur with y2); when ad < bc, the correlation is negative
(x1 is likely to co-occur with y2 and x2 is likely to co-occur
with y1); and when ad = bc, the correlation is equal to zero
(the two variables are independent). After having observed
the N = a + b + c + d items, participants are asked about the
contingency, or correlation, between the two features. The
theories that rely on information processing biases explain
illusory correlation by proposing that some observations re-
ceive more weight in the computation of the correlation

than others. For example, if items in cell a receive a dispro-
portionate weight, such as when these items are rare and
distinctive (e.g. Hamilton & Gifford, 1976), negative and dis-
tinctive (e.g. Allan, 1993) or consistent with expectations
(e.g. Chapman & Chapman, 1967) the perceived correlation
is likely to be positive.

To adapt our model to this 2 * 2 design, suppose that X
and Y refer to creativity and agreeableness as in the intro-
ductory example and there is a threshold, such that if

Y

X

Y

X

Y

X

Fig. 2. Iso-utility curves for quasi-linear mean utility. The left quadrant corresponds to p = 1, the middle quadrant to p = +1 and the right quadrant to
p = %1.

Fig. 3. Correlation between x̂t and ŷt as a function of the shape of the
choice rule (as characterized by p). Based on 10,000 computer simulations
of a version of the learning model with the quasi-linear mean utility
function. The observations are independent realizations of two random
variables with uniform distributions between 0 and 1. Figure obtained
with bt = 0.5, s = 10, and c = 0.5.

5 Many studies consider one of the variables to be a predictor, and the
other to be a criterion. Since this distinction is irrelevant for the foregoing
discussion, we refer to the two variables as feature values.

Fig. 4. Standard contingency table in studies on illusory correlation. The
two variables X and Y are binary. X can take value x1 or x2 and Y can take
value y1 or y2. Each item is represented by a pair (X,Y). The values a, b, c
and d represent the frequencies of each combinations of attribute values.
The population is made of N = a + b + c + d items.
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X P hX an individual is considered creative (x1), and if
X < hX the individual is considered uncreative (x2). Simi-
larly, there is a threshold for the assignment of individuals
as agreeable (y1) or disagreeable (y2 ).

There are two important differences between our model
and prior explanations. First, we do not assume that the
decision-maker has a direct access to attribute values of
the N items. Rather, the decision-maker can only observe
noisy signals of the attribute values. For example, the deci-
sion maker can only observe if an individual she meets was
creative and agreeable during that interaction. This implies
that the decision-maker’s estimates of the attributes of this
individual are subject to noise. If the decision maker con-
tinues to interact with the same individual, however, the
estimates are likely to become more accurate.

Second, in addition to assuming noisy observations of
the attribute values, we assume that the decision-maker
learns about the attribute values through a process of
sequential sampling. That is, after each interaction with
an individual (or object) the decision-maker decides
whether to continue sampling. Moreover, the sampling
probability depends on the estimated attribute values.
The decision-maker is more likely to interact again with
an individual perceived to be creative than with an individ-
ual perceived to be uncreative. Similarly, the decision-ma-
ker is more likely to interact again with an individual
perceived to be agreeable than with an individual per-
ceived to be disagreeable.

These two assumptions imply that the distribution of
estimated attribute values will diverge from that in the
population. To illustrate, suppose the decision maker eval-
uates 20 individuals. Assume that people are in fact equally
likely to be creative or not and equally likely to be agree-
able or not and that the true correlation between these
two attributes is zero. The decision maker does not observe
the creativity or agreeableness of the 20 individuals di-
rectly, but can only learn about them when she meets
these 20 individuals. However, because observations are
noisy, individuals may be misclassified: based on the first
interaction, the decision maker may mistakenly believe,
for example, that someone is not creative when that indi-
vidual is in fact creative. It is also possible, of course, that
someone who is not creative might be classified as crea-
tive. But this misclassification will often be found out
and corrected because it leads to additional sampling.
The mistake of classifying someone as uncreative will sel-
dom be corrected, however, because the decision-maker
tends to avoid individuals classified as uncreative.

More generally, the avoidance of alternatives with attri-
butes believed to have low values leads to an overestima-
tion of the prevalence of attribute values lower than the
true average. This implies that the majority of the 20 indi-
viduals will be classified as uncreative. Similarly the
majority of the 20 individuals will be classified as disagree-
able. In other words, the marginal distribution of the esti-
mates of the attribute values will be skewed despite the
fact that the marginal distributions of the attribute values
in the population are symmetric.

How about the joint distribution of attribute estimates
in the population? Our theorem predicts different patterns
depending on the form of the sampling rule. If, for exam-

ple, the sampling rule satisfies condition (i), the joint dis-
tribution of estimates will imply a positive correlation.
For example, the decision-maker might come to believe
that there are five individuals that are both creative and
agreeable, four that are creative but disagreeable, four that
are uncreative but agreeable, and seven that are neither
creative nor agreeable (e.g. Fig. 5, left panel). But if the
sampling rule meets condition (ii) the estimates will be
negatively correlated (e.g. Fig. 5, right panel). Finally, if
the sampling rule meets condition (iii) the estimates will
be independent.

It should be clear from this discussion that our model
does not assume that items in some cell(s) receive more
or less weight in the computation of the correlation esti-
mate. Rather, the illusory correlation emerges because of
differences in propensities to mis-categorize some items,
due to the assumption of adaptive sampling. This, in turn,
leads to a correlation between estimates that is distinct
from the true correlation. The pattern of mis-categoriza-
tion and, thus, of illusory correlation, depends on the form
of the sampling rule. In summary, the crucial difference be-
tween our mechanism and explanations that rely on differ-
ential weighing of some observations is that it places the
locus of the bias outside the head of the decision maker.
As such, it does not contradict theories that rely on biased
information processing. Rather, it suggests that in environ-
ments where decision-makers have to learn about the
attribute values from their own experiences, information
processing biases might operate on top of sampling biases.
Whether sampling biases or information processing biases
are more important in explaining illusory correlation in
real-world environments is an open question.

This discussion suggests that our explanation applies
primarily to illusory correlation between distal entities
(constructs that are not directly observable, such as per-
sonality traits, intelligence, danger, similarity and health).
By contrast, our model cannot explain illusory correlation
between proximal entities (constructs that are directly ob-
servable). The reason is that, in this later setting, there is
almost no possibility for errors in estimates (and thus of
categorization). But, importantly, our model can also apply
to settings where one of the construct is distal and other
one is proximal. This setting is of particular relevance to re-
search on stereotype formation and maintenance (e.g.
Hamilton & Gifford, 1976). We discuss this topic in the sec-
tion on Stereotype Formation.

4.2. Relations to other sampling explanations

Several investigators have also proposed that illusory
correlation might originate from a bias in the sample of
information individuals have access to. Here, we discuss
the similarities and differences between these prior contri-
butions and our approach.

4.2.1. The small-sample effect
In a series of papers, Kareev (1995a, 1995b, 2000) have

demonstrated that correlations estimated from small sam-
ples tend to be larger than correlations in the population.
The main reason is that the distribution of correlation
estimates tends to be skewed in such a way that most
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estimates are above the true correlation (when the true
correlation is large). Kareev proposes this is important be-
cause correlations are likely to be estimated from limited
samples, due to the limited capacity of the working mem-
ory. To understand the difference between Kareev’s analy-
sis and ours, it is useful to note that in Kareev’s papers,
‘small sample’ refers to N, the number of items considered
for the computation of the correlation. In our model, how-
ever, the key is that information samples about the N items
can be biased in systematic ways. Our model suggests that
an illusory correlation can emerge even if the decision ma-
ker uses a large sample, in the sense that it contains many
items.

4.2.2. Non-proportional sampling
Kareev and Fiedler (2006, see also Fiedler, 2000b) have

examined the influence of sampling behavior on correla-
tion estimates. They considered the relation between a
skewed binary predictor and a binary criterion variable.
They showed that a nonproportional sampling scheme (a
sample that has a marginal distribution of the predictor
less extreme than the marginal distribution in the popula-
tion) leads to a tendency to overestimate the correlation
between predictor and criterion. This explanation is similar
to ours, in a sense, because it assumes that people have ac-
cess to a biased frequency table. The source of the sam-
pling bias is different, however. Kareev and Fiedler
analyzed a situation where people have an information-
search goal, whereas we analyze a situation where the
decision maker has a hedonistic goal: her sampling strat-
egy is motivated by the desire to avoid negative experi-
ences, not by the goal to select the most informative
alternative.

4.2.3. The effect of environmental base rates
Several papers by Fiedler and colleagues have analyzed

the influence of skewed base rates on the perception of
correlation and contingency (Fiedler, Walther, & Nickel,
1999; Fiedler, Walther, Freytag, & Plessner, 2002; Fiedler
& Freytag, 2004; Fiedler, Freytag, & Unkelbach, 2007).
These culminate in a theory of pseudocontingencies (PC)
which explains why people tend to believe that variables
with skewed marginal distributions tend to covary (i.e.
have a positive correlation) even when they do not make
joint observations of the pairs of variables (Fiedler et al.,

2009). Fiedler and colleagues explain PC inferences as mis-
taken contingency statements made at the individual level
on the basis of an ecological correlation that holds at a
more aggregated level. As such, it is the result of a cogni-
tive illusion that does not pertain to differential weighing
of some pieces of information, but rather to a misunder-
standing of the mechanism that generated the available
sample of information. This leads to the consideration of
irrelevant information in the computation of the contin-
gency or correlation. PC inferences occur when base rates
(i.e. marginal distributions) are skewed (Fiedler et al.,
2007). In our model, adaptive sampling leads to skewed
marginal distributions. This suggests that adaptive sam-
pling as described here might provide a context for PC
inferences: when people learn from experience and can
avoid alternatives that lead to poor outcomes, PC infer-
ences likely operate. How PC inferences combine with
the effect of adaptive sampling is, however, an open
question.

The main issue is that several joint distributions are
consistent with a given pair of marginal distributions, as
illustrated by Fig. 5. In our analyses, we assumed that peo-
ple were able to correctly compute the correlation between
their attribute estimates. Fiedler and colleagues’ investiga-
tions of PC inferences, however, suggest that this computa-
tional step is prone to systematic errors. More precisely,
the PC algorithm suggests that people might have a ten-
dency to see a positive correlation even in situations where
the correlation between their estimates is null or even neg-
ative, as in the table of the right panel of Fig. 5. To what ex-
tent this actually happens deserves empirical inquiry.

5. Discussion of the assumptions of the model

While the model developed in this paper makes only
minimal assumptions about how information is stored in
memory, it relies on important assumptions regarding ac-
cess to information from the environment. We now discuss
these.

5.1. Reinforcement learning structure of the model

We assumed, consistent with the reinforcement learn-
ing tradition, that access to information is contingent on
actively selecting an alternative and that selection is based

Fig. 5. Examples of possible categorical assignments implied by the adaptive sampling model. Marginal distributions are skewed and the same for the two
tables. The pattern of joint frequencies depend on the choice rule, as formalized in the theorem. The positive correlation value is 0.19 and the negative
correlation value is %0.21.
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on the valence of past experiences. But access to informa-
tion does not always satisfy these assumptions. Decision-
makers can sometimes observe an alternative without ac-
tively selecting it. For example, a decision-maker might ob-
tain information about other people by discussing with a
common acquaintance. Also, the decision to select an alter-
native might be influenced by factors other than the va-
lence of the estimates of its attributes. For example the
decision-maker might want to develop accurate estimates
of the attributes. When this happens, she will tend to select
objects she is more uncertain about, and this sampling
decision might be unrelated to the valence of the esti-
mates. There are many determinants of sampling decisions
such as curiosity (Loewenstein, 1994), salience (Nisbett &
Ross, 1980) and availability (Tversky & Kahneman, 1973).
These other factors tend to reduce the adaptive character
of the information acquisition process. It is possible to rep-
resent such influence by assuming that the probability of
sampling in a given period is

r þ ð1% rÞQðx̂t ; ŷtÞ:

As discussed by Denrell (2005), r can be seen as the
probability of nonvoluntary exposure (Thibaut & Kelley,
1959). Even such exposures can carry valuable information
about the alternative. If r = .2 and ût ¼ maxðx̂t ; ŷtÞ, the illu-
sory correlation between estimates after 10 periods is
about .15, which is lower than the illusory correlation
(.21) when there is no such exogenous influence. And the
higher the exogenous influence, the lower the illusory cor-
relation. For example, the illusory correlation after 10 peri-
ods is only equal to .04 when r = .7. More generally, the size
of the illusory correlation is increasing in the sensitivity of
the probability of making a new observation to past expe-
riences. In the context of reinforcement-learning situa-
tions, this pertains to how the decision maker handles
the exploration-exploitation trade-off (Sutton & Barto,
1998): more explorative policies will be less conducive to
the emergence of illusory correlation, but more exploitive
policies will lead to stronger illusory correlation.

We also assumed that the sampling probability is
increasing in both arguments (assumption (d) above). We
made this assumption to facilitate the exposition of the
intuition underlying our main result. But it is in fact not
necessary for the illusory correlation to emerge. The only
thing that matters for the sign of illusory correlation is
whether the joint estimate distribution is log-submodular
or log-supermodular (Karlin & Rinott, 1980) and this is un-
iquely determined by the cross derivative of the logarithm
of the sampling probability. This suggests that our model
can also apply to settings where the probability of sam-
pling is decreasing in the estimates of the attributes such
as when negative traits are valued by the individual form-
ing the estimates. This can happen, for example, when a
journalist seeks negative information about a politician to
uncover his or her wrongdoings (Peeters, 1983).

5.2. Correlation between observations

We assumed that the true correlation between attribute
values is zero to make the proof of the theorem tractable.
But computer simulations show that a similar result holds

when the correlation between actual attribute values is not
equal to zero. In this case, people will tend to underestimate
or overestimate the correlation, depending on the form of
the choice rule. Consider what happens when the observa-
tions of the two attributes follow bivariate normal distri-
butions with means 0, standard deviations 1, and a
correlation of 0.2. If ût ¼maxðx̂t ; ŷtÞ, the correlation be-
tween estimates is about 0.37 after 10 periods (based on
10,000 simulations and with s = 10, c = 0 and bt = .5). 6 If
ût ¼minðx̂t ; ŷtÞ, then the correlation between estimates is
negative rather than positive, at about %.14 after 10 periods.
These results suggest that adaptive sampling will generally
lead to a misperception of correlations, not only to the
detection of a correlation where there is none.

5.3. Number of attributes

We assumed that the alternatives were characterized
by two attributes, but similar results hold, to a certain ex-
tent, when there are more attributes. Consider, for exam-
ple, an extension of the quasi-linear mean utility function

to N dimensions (N > 2). In that case ût ¼ 1
N

PN
i¼1ðûi

tÞ
p

h i1=p
.

It is possible to show that if p P 1, a positive illusory cor-
relation emerges between all pairs of estimates. It is much
more complicated to analyze formally the emergence of
negative correlations for three or more attributes.7

6. Additional implications

6.1. Halo effect

A vast amount of research has documented a ‘halo’ ef-
fect when individuals rate others on several attributes:
the correlation between estimates of positively valued
attributes tends to be higher than what is warranted by
the data (e.g. Cooper, 1981; Landy & Sigall, 1974; New-
comb, 1931; Nisbett & Wilson, 1977; Thorndike, 1920).

It has been proposed that the halo effect is due to a ‘pol-
lution’ of attribute ratings by general assessments or
assessments of other attributes. This can be due to the fact
that people hold implicit personality theories that ‘‘nice
people tend to have nice attributes and less nice people
have less nice attributes’’ (Nisbett & Wilson, 1977). It has
also been proposed that general evaluations affect the
interpretation of information about the individual attri-
butes, even when this information should not be ambigu-
ous (Nisbett & Wilson, 1977).

As should be clear from the example of the introduc-
tion, about evaluations of creativity and agreeableness,
our model helps explain the halo affect. Under the (reason-
able) assumption that positive attribute estimates affect
the probability of future interpersonal interactions in a
mostly compensatory way, people will come to believe
that those who have a positive attribute are more likely

6 Unless otherwise stated, the numerical results that follow are based on
simulations using these assumptions.

7 To understand the complications, note that some patterns of pairwise
negative correlations are not possible: for example all pairwise correlations
cannot equal %1 when there are more than two attributes.
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to also possess another positive attribute. More generally,
our model helps explain why positive traits tend to ‘go to-
gether’ in people’s personality theories.

How does this relate exactly to the numerous experi-
ments on the halo effect? At first sight, our model does
not seem to have much to say about the results of experi-
ments, because the investigator generally controls what
information participants have access to, whereas our mod-
el relies on the fact that participants choose alternatives
based on their own estimates. But most experiments on
the halo effect in fact just reveal participants’ existing per-
sonality theories. For example, a finding that participants
judge more favorably an essay written by an attractive per-
son (e.g. Landy & Sigall, 1974) is the signal that attractive-
ness and competence are associated attributes in the
participants’ personality theories. And because our model
helps explain the formation of haloed personality theories,
it provides a foundation for the experimental findings
about the halo effect in the evaluation of personality traits.

6.2. Proximity and attitudes

Numerous studies in psychology and sociology show
that people develop more positive opinions of proximate
others. For example, college students tend to have more
positive opinions of their roommates than of other stu-
dents (Festinger, Schachter, & Back, 1950) even if room-
mates have been randomly assigned (Marmaros &
Sacerdote, 2006; Segal, 1974). Studies also show that man-
agers tend to have more positive opinions of those who
work in close proximity to them (Ferris, Judge, Rowland,
& Fitzgibbons, 1994) and are also less likely to dismiss
those (Landier, Nair, & Wulf, 2007).

Building on the well-accepted expectancy–value model
of attitudes, we see attitudes as summary evaluations on
an attribute dimension such as good-bad, or likable-dislik-
able (for a review, see Ajzen, 2001). The above findings can
thus be interpreted as instances of illusory correlation be-
tween proximity and assessments on the good-bad attri-
bute dimension. Our model predicts that a positive
correlation between proximity and attitudes will emerge
when people are more likely to interact with others that
they like or that are proximate (by Proposition 2). This type
of compensatory sampling rule is reasonable, because peo-
ple will often tend to seek interactions with others they
like, even if they are relatively distant. But even if they
try to avoid those who are proximate and that they do
not like, they might not be able to do so. For example, it
is difficult to avoid interacting with one’s roommate, even
if one does not like him or her.

6.3. Stereotype formation

The model can also explain why individuals might come
to associate group membership – which can be viewed as
an attribute – with positive or negative characteristics.
Suppose, for example, that a decision maker learns, from
her experience, about a positively valued attribute, such
as creativity, of members of two groups A and B. Let ĉi

t be
the decision maker’s estimate of the creativity of individual
i at the beginning of period t. Suppose the distribution of

actual creativity levels is the same in the two groups and
the initial estimate of the creativity of individual i is a ran-
dom draw from the underlying creativity distribution.

Suppose, however, that the sensitivities of the sampling
probability to the creativity estimate differ according to

group membership. That is, suppose that @Q Aðĉi
tÞ

@ĉi
t
<

@QBðĉi
t Þ

@ĉi
t

where Q Aðĉi
tÞ (resp. Q Bðĉi

tÞ) is the probability that the deci-
sion-maker interacts with i in period t if i belongs to group
A (resp. B). Such difference in the sensitivity of the proba-
bility of interaction with respect to the creativity estimate
(or more generally the estimate of an attitude-relevant
attribute) can for example occur when A is an in-group
and B an out-group (see Denrell (2005), for a review).
The reason is that an individual might have to interact with
others in the in-group (such as family members or col-
leagues) even if she finds them uncreative. But because
interactions with members of the out-group more directly
depend on her decisions, she will tend to interact signifi-
cantly more with members of the out-group that she finds
creative than with members of the out-group that she finds
uncreative.

The probability that the decision maker ‘samples’ an-
other individual thus jointly depends on group member-
ship and the current estimate of creativity. By design,
group membership and creativity are independent and
thus uncorrelated. Despite this, an illusory correlation will
emerge: Estimates of creativity will be more favorable for
the members of group A than for the members of group
B.8 To further explain the intuition underlying this result,
it is useful to consider a specific case. Suppose that there
are a total of 20 individuals, with 5 creative individuals
and 5 uncreative individuals in each group. The true correla-
tion between group membership and creativity is zero. Sup-
pose the decision-maker has to interact with members of

group A whatever her creativity estimate @QAðĉi
t Þ

@ĉi
t
¼ 0

! "
but

she is likely to avoid members of group B she finds uncrea-

tive @QBðĉi
tÞ

@ĉi
t
> 0

! "
. The distribution of creativity estimates for

members of group A will be close to the true one because the
decision-maker will ultimately learn about the creativity of
the members of this group. But because the decision-maker
avoids uncreative members of group B, she will likely end up
believing that most members of group B are uncreative. For
example, she might believe that six members of B are uncre-
ative whereas four members of that group are creative. In
terms of the generic contingency table of Fig. 4, we have
a = 5, b = 5, c = 6, d = 4. This table implies that group mem-
bership and creativity assessments are correlated.

This pattern is consistent with the empirical findings
that members of an ethnic group tend to have more posi-
tive opinions about members of their own groups than of
members of other groups (Hewstone, Rubin, & Willis,
2002; Levin, van Laar, & Sidanius, 2003). It is worth noting
that, in this setting, saying that the correlation is positive

8 The proof relies on an extension of Theorem 1 to settings where the
sampling probability is not continuous in the attribute values (see Denrell
& Le Mens (2007), Appendix B). In this case, the continuity assumption is
not satisfied because one of the attributes, group membership, takes
discrete values.
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or negative is meaningless because the groups do not nec-
essarily have distinct valences. All what matters is that the
sensitivity of the sampling probability to the distal attribute
(‘creativity’ in the above example) consistently differs
across groups.

This example illustrates how some stereotypes, seen as
an illusory correlation between group membership and a
positively (or negatively) valued attribute, can emerge
from experiential learning and adaptive sampling. Con-
trary to the theories that rely on the distinctiveness of
some observations (e.g. Hamilton & Gifford, 1976), our
mechanism does not have to assume that marginal distri-
butions (of group membership and of the other relevant
attribute) are skewed. It accomodates both settings where
the marginals are skewed and settings where marginals
are not skewed.

If the sampling bias is at the source of mistaken stereo-
types about the out-group, this has important normative
implications. In particular, it suggests that, to overcome
negative stereotypes, one almost has to impose to decision
makers additional interactions with the out-group. In a re-
cent natural experiment, Shook and Fazio (2008) demon-
strated how such additional interactions can reduce
racial prejudice. They analyzed the evolution of the atti-
tudes of White freshmen that were randomly assigned an
African American roommate or a White roommates. The
racial attitudes (toward African Americans) of those with
an African American roommate became more positive after
one quarter but the racial attitudes of those with a White
roommate did not change. To the extent that prejudiced
attitudes can be seen as an illusory correlation between
group membership and the assessment of a positively val-
ued attribute, this field study suggests that additional
exposure can help correct illusory correlations.

6.4. Positive vs. negative illusory correlations

So far, we have framed our discussion of the emergence
of illusory correlations mostly around cases where the illu-
sory correlation is positive. But it is worth noting that a po-
sitive illusory correlation between two positively valued
attributes can be seen as a negative illusory correlation be-
tween one positively valued attribute and one negatively
valued attribute. For example, the positive correlation be-
tween proximity and attitude can be seen as a negative
correlation between distance and attitude (as discussed
in the previous section, Theorem 1 is still valid even if
the sampling probability is not increasing in the attributes,
provided that the log-submodularity or log-supermodular-
ity conditions are satisfied).

But a far more interesting aspect of our analysis is that
our model can also lead to the emergence of negative illu-
sory correlations when both attributes are valued posi-
tively. As formalized in Proposition 2, negative illusory
correlations are likely to emerge in settings where the
attributes are considered as complements in the evaluation
of an alternative. To illustrate this, consider an academic
department with a hiring policy of only hiring faculty
members who are both good teachers and productive
researchers. Our model suggests that this will lead to the
emergence of an illusory negative correlation: members

of the department will come to underestimate the correla-
tion between the two skills (or to believe it is negative if it
is zero in reality). To explain why, note that the hiring com-
mittee will reject and most likely receive little further
information about candidates that are not perceived as
both good teachers and productive researchers. Candidates
that are perceived to be good on both of these criteria will
be hired. Over time, members of the hiring committee will
find out whether the individuals hired are in fact good
teachers and productive researchers; some will be found
wanting. Overall this implies that the proportion of indi-
viduals believed to possess both skills will be underesti-
mated relative to the true proportion. The proportion of
individuals lacking at least one skill will, however, gener-
ally not be underestimated. All in all, this pattern corre-
sponds to a negative illusory correlation.

Contrast this to what would happen with a department
that is satisfied with candidates who are good on just one
dimension. In such a setting, the two skills are seen as sub-
stitutes, and our model suggests that it will lead to the
emergence of a positive illusory correlation between
teaching competence and research productivity. In this
case, candidates who are perceived to fall short on at least
one dimension are rejected and probably not heard from
again. As a result, estimates about their skill levels will re-
main stable, even if mistaken. Overall this implies that the
proportions of individuals believed to lack at least one skill
will be overestimated relative to the true proportion. The
proportion of individuals having the two skills will, how-
ever, not be overestimated. All in all, this pattern corre-
sponds to a positive illusory correlation.

A similar effect will emerge in other settings, such as
when a manager is evaluating the quality of service provid-
ers on several attributes.

7. Conclusion

People who make sampling decisions on the basis of
past experiences will typically obtain unrepresentative
samples of information about the attributes of the choice
alternatives. Those who seek positive experiences, and
thus avoid alternatives that lead to poor outcomes, will
tend to underestimate the prevalence of positively valued
distal attributes. Besides, the correlation between esti-
mates of distal attributes will generally fail to reflect the
underlying true correlation. Depending on how decision-
makers combine the attribute estimates in making their
sampling decisions, positive or even negative illusory cor-
relations will emerge.

A distinctive feature of our analysis is that it assumes
that people are good processors of information. In fact,
our model underscores the fact that illusory correlations
might emerge even in the absence of information process-
ing bias – even if the decision maker is a naïve intuitive
statistician (Juslin, Winman, & Hansson, 2007). More gen-
erally, we have made only minimal assumptions about
the learning mechanism and how information is stored in
memory. Our main result holds when the attribute esti-
mates are any weighted average of past observations of
the attributes. This suggests that almost any reinforcement
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learning algorithm will lead to the emergence of illusory
correlations, provided that further observations of an
attribute are contingent on the estimates of the other
attributes.

Rather than challenging existing explanations that rely
on information processing biases, our model provides a
complementary perspective to explaining systematic
judgment biases observed in the field, such as the tendency
to have more positive impressions toward proximate
others or the formation of some stereotypes. Standard
explanations focus on how errors in how people process
information in the available sample can produce illusory
correlations. Our explanation focuses on why the available
sample might be biased and how this can lead to illusory
correlations even in the absence of information processing
biases. In reality, both mechanisms likely operate together.
Information processing biases can lead to misperceptions
of correlations in a sample that is itself already biased as
a result of adaptive sampling. More work is clearly needed
to find out in which situations the sampling bias is the key.
But where the sampling bias is the key factor, de-biasing
how people process available information is just not
enough to eliminate illusory correlations.
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Appendix A. Proof of Proposition 2

We have:

@2 ln Qðx; yÞ
@x@y

¼ %k er%scðr þ p% 1Þ þ p% 1½ ';

where r ¼ sðxpþyp

2 Þ
1
p and

k ¼ rxp%1yp%1

ð1þ er%scÞ2ðxp þ ypÞ2
> 0:

Whenever p P 1, then er%sc(r + p % 1) + p % 1 > 0 and
the correlation is positive by Theorem 1 (i).

Next, we show there is a value of p = p) < 1, such that
@2 lnQ(x,y)/@x@y > 0 for all p < p). Note that r 2 [0,sa].
When p is low enough, with p < 0, er%sc(r + p % 1) + p % 1

is negative because r is bounded. Hence, @
2 ln Qðx;yÞ
@x@y is positive

for p low enough and the correlation is negative by Theo-
rem 1 (ii).
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